The goal of the structural health monitoring community has been to endow physical systems with a nervous system not unlike those commonly found in living organisms. Typically, the structural health monitoring community has attempted to do this by instrumenting structures with a variety of sensors and then applying various signal processing and classification procedures to the data in order to detect the presence of damage, the location of damage, the severity of damage, and to estimate the remaining useful life of the structure. This procedure has had some success, but we are still a long way from achieving the performance of nervous systems found in biology. This is primarily because contemporary classification algorithms do not have the performance required. In many cases, expert judgment is superior to automated classification. This work introduces a new paradigm. We propose interfacing the human nervous system to the distributed sensor network located on the structure and developing new techniques to enable human-machine cooperation. The results from the field of sensory substitution suggest this should be possible. This study investigates a vibro-haptic human-machine interface for structural health monitoring. The investigation was performed using a surrogate three-story structure. The structure features three nonlinearity-inducing bumpers to simulate damage. Accelerometers are placed on each floor to measure the response of the structure to a harmonic base excitation. The accelerometer measurements are preprocessed. The preprocessed data are then encoded as a vibro-tactile stimulus. Human subjects were then subjected to the vibro-tactile stimulus and asked to characterize the damage in the structure.
Introduction
This work describes a preliminary effort to interface a structural health monitoring (SHM) sensor network to a human nervous system. The phenomenon of sensory substitution 1 suggests that it may be possible to noninvasively couple data from an SHM sensor network with the human nervous system in such a way that the human nervous system automatically learns to identify patterns of interest in the SHM sensor network data as if it was sensed directly by the human nervous system. We are exploring the possibility of extending the sphere of a human's nociception to include monitoring the state of an instrumented structure. In order to achieve this goal, we also recognize that modern data preprocessing techniques may facilitate this task. For instance, traditional artificial neural networks often make use of a dimensionality reduction preprocessing step implemented using principal component analysis (PCA) . Similarly, in this work, we use an automated preprocessing step to transform the measurements collected by an SHM wireless sensor network to a form that is more suited for presentation to human mechanoreceptors. This can also be thought of as trying to augment the data processing techniques (e.g. statistical/ artificial neural network classifiers) commonly found in SHM research with the adaptivity of human cognition. It is important to point out though that this is not inherently an artificial neural network-based or statistical classifier-based paradigm. This paradigm is able to make use of any suitable preprocessing step, but the ultimate classification of structural state is made by a human operator. It must also be stated that this paradigm can conceivably be adopted for any type of sensor measurement. The measurements could include vibration, ultrasonic, temperature, strain, or displacement. The paradigm is completely agnostic to the types of measurements collected. The goal of this work is to combine human intelligence with automated computational intelligence in order to enable a composite intelligence that is able to perform classification on sensor network measurements. The long-term vision is to make a composite intelligence whose performance is superior to the linear superposition of human and computational intelligence.
The over-arching goal of the SHM field has been to endow structures with a nervous system not unlike that of a biological organism. Research performed over the last two decades has focused on the development of completely autonomous SHM systems to achieve this goal. The field of SHM has explored a number of different paradigms for automatically detecting, locating, characterizing, and prognosing damage in structures. Among the earliest of these paradigms were model updating techniques which have continued to be a popular research topic for a number of years. [2] [3] [4] [5] Vibrationbased measurement techniques involving the use of experimental modal analysis have also been studied widely. [6] [7] [8] [9] Although these early techniques helped show the promise of SHM research, they both tended to have the shortfall that they focused on global structural changes. They failed to address the subtle, local changes in structural dynamics that are caused by most forms of damage that are of interest in real-world structures. To deal with these challenges, the use of statistical classification techniques was introduced. 10 Statistical classification techniques gave SHM researchers a new tool to deal with the measurements collected from complex structures operating in a variety of environments. As the research on analysis techniques progressed, there were also a number of advances with respect to the measurement techniques used to collect SHM data. Early SHM researchers had to rely on hard-wired sensor networks to collect measurements from civil infrastructure. 11 These original measurement systems were bulky, power-intensive, and had high installation costs. It was realized early-on that new techniques for capturing distributed measurements on structures were needed, and so researchers began to explore the use of low-power wireless sensor networks. 12 A number of high-performance low-power sensor node technologies began to emerge. Wireless sensor nodes capable of measuring electromechanical impedance up to 100 kHz were developed. [13] [14] [15] New wireless sensor network architectures for SHM were developed. 16 Development of sensor nodes that could operate at very low power levels became a priority. 17 Research into techniques for harvesting energy from sensor nodes also began to emerge 18 as did the development of technology capable of directly delivering energy to sensor nodes on an asneeded basis. The research that has gone on in the SHM field has been quite varied, but one common theme to both the development of analysis techniques and hardware has been the desire for a completely autonomous SHM system. In this work, we would like to challenge the idea that the gold standard for SHM should be a completely autonomous system. Instead, we would like to propose the idea of an SHM system that acts as a tool that can harmoniously work with human operators to increase their productivity and performance. Instead of removing the human operator, we want to empower them. We believe that by adopting an SHM strategy that includes a human-in-the-loop, we will lower the barrier-to-acceptance for these technologies. Particularly barriers associated with life safety and the legal ramifications of SHM systems.
The bigger picture goal of this line of research goes beyond the field of SHM. We want to address the system engineering challenges associated with characterizing and communicating the cyber-physical system state awareness of forward-deployed, high-consequence, cyber-physical systems to human operators. To date, significant effort has been invested to create novel predictive models and classifiers. In many ways, within the SHM community, the primary thrust has been to create analysis/modeling/classification tools that can run completely autonomously without requiring the intervention of a human. This investment has led to great advances in analysis/predictive modeling and structural system state awareness, but there are still a number of problems that humans perform significantly better than computers. These include complex tasks such as human emotional state recognition, gesture recognition, image recognition, and interacting with dynamic unstructured environments. Humans are also significantly better at adapting to new circumstances than machines are. This is illustrated by recent results in the world of chess and artificial intelligence which suggest that the wisest path forward may be to improve the synergy between humans and machines. In 2005, an online chess website hosted a chess tournament in which mixed teams of humans and computers could compete. Teams included chess grandmasters working with several computers as well as the chess-specific supercomputer Hydra. 19 Perhaps unsurprisingly the supercomputers working alone were dominated by strong human players teamed with laptops. The surprising result was the winning team consisted of a pair of amateur American chess players using three computers at the same time. Chess grandmaster Garry Kasparov made the following observation, ''Their skill at manipulating and 'coaching' their computers to look very deeply into positions effectively counteracted the superior chess understanding of their grandmaster opponents and the greater computational power of other participants. Weak human + machine + better process was superior to a strong computer alone and, more remarkably, superior to a strong human + machine + inferior process. '' 19 To date, little formal research has gone into techniques for system engineering the process of human-machine cooperation. The most relevant related research the investigators are aware of is apprenticeship learning 20 and work into combining machine learning with interactive visual analysis. 21 The current state-of-the-art in cyber-physical state awareness can be quite abysmal. Take for instance NASA test pilot Mark Pestana's comments on flying the remotely piloted drone Ikhana, ''It's like flying an airplane without four of your five senses. You can't smell the fuel, feel the vibration or hear any noises. '' 22 Clearly, Ikhana's pilot-to-drone interface is only taking advantage of a small fraction of the total human sensory channel capacity. Conversely, consider the case of blind persons who have learned to make spatial maps of their surroundings using echolocation. To accomplish this task, the blind persons produce mouth clicks and listen to the returning echoes in a manner similar to a dolphin's sonar or bat echolocation. Early results from functional brain imaging measurements suggest that blind human click-echo processing is recruiting brain regions typically devoted to vision as opposed to audition. 1 These results suggest that similar sensory substitution techniques could be used to give humans new ''senses'' for abstract data by making use of haptic interfaces. They also suggest that the human brain can be rewired to process data in ways not originally intended. For instance, in the case of human echolocation, it can be argued that the brain has effectively repurposed itself to execute a form of array processing. As cyber-physical systems become more complex, it may be possible to leverage the adaptivity of the human brain to address emerging challenges. Consider the problem of a single human controlling a swarm of many aerial drones collecting data on a forest fire. How is the human going to keep track of the state-of-fuel of every drone in the swarm? Not to mention the quality of the measurements and the state of the communication link quality between the drones while dynamically controlling the swarm? Only so much information can be included in a heads up display and auditory cues will interfere with spoken inter-human communication. We propose the use of novel haptic human-machine interfaces. One example of a haptic interface in daily life is the vibrator in a cell phone. It makes use of the skin's mechanoreceptors to indicate a person is calling. The genius of the vibrator is that information is transmitted to the user without consuming audio bandwidth. To take the idea one step further, if the human brain can learn to process complex data associated with echolocation, perhaps it can learn to identify patterns in other types of data as well. An example of this concept already exists in the machining trade. Machinists will often report that they set the cutting speed of their tools according to a ''sense of touch.'' 23 We raise the question, ''Why can't human pattern processing be applied to more abstract data types?'' For instance, instead of feeling the vibrations from a lathe, perhaps the traffic on an Ethernet network or the data collected by a wireless sensor network could be transformed into a vibration stimulus. Most importantly for the SHM community, why not take the vibration measurements from structural monitoring sensor networks and present them to humans using a vibration excitation as opposed to the purely visual graphical representation we typically employ. The stimulus would be noninvasively applied to human mechanoreceptors on a technician's skin. We advocate for designing the next generation of human to cyber-physical system interfaces in such a way that they respect and take full advantage of human physiological and psychological capability. A major objective of this work is to develop the systems engineering tools and processes that will improve cyber-physical state awareness to improve our ability to control, maintain, and make use of the resources provided by our cyber-physical systems.
Haptic SHM paradigm
One of the goals of this work is to present a new paradigm for SHM that leverages the strengths of both human and computational intelligence to extract information from data collected from SHM sensor networks. In this particular paradigm, the coupling between these two types of intelligence is derived from the phenomena of sensor substitution. The general implementation of this paradigm is outlined in Figure  1 . The first step of the processes is to collect raw measurements from an SHM sensor network. This sensor network could conceivably collect a wide variety of measurements types including strain, temperature, vibration, or even ultrasonic response measurements. These measurements are then subjected to a preprocessing step. This preprocessing step can accomplish a couple of different objectives. First, it can be used to reduce the dimensionality of the data in order to make it easier to present to the human. This step would be similar to the dimensionality reduction step often employed when using artificial neural networks. The preprocessing step could also be used to change the time, length, or amplitude scale associated with the data in order to bring it within the range of human perception. A good example of this would be to use complex base-banding to bring ultrasonic response measurement down into the range of human hearing. As a final example, this step could also be used to transform the data to alternative representations. For instance, it may simply be more useful to convert time series measurements to the frequency domain. The resulting output of the preprocessing step is referred to as the ''haptic code.'' At this point, the haptic code is a numerical representation of the data that are ready to be converted into a physical modulation that can be presented to the human nervous system. The choice of modulation technique could vary greatly depending on a number of factors including the nature of the actuators available, the human sense being coupled to, and the preference of the human user. Examples could include modulating the amplitude or frequency of the actuation signal based on the magnitude of the haptic code or changing the timing of excitation across an array of actuators. Once the physical modulation has been achieved, the signal is ready to be delivered to the physical actuator coupled to the human nervous system. These actuators could be coupled to any combination of human senses including touch, sight, smell, or hearing. As a result, the actuators themselves could take on a variety of forms including vibratory motors, speakers, electrodes, or visual images. The physical actuations are then experienced by the human. At this point, it is hypothesized, that, with time, the sensory substitution phenomenon will come into play and the human will acquire an additional ''sense'' that will correlate with the state-of-health of the structure to which they have been non-invasively interfaced. This new sense will then aid the human in making decisions related to the state-of-health of the structure to which they have been interfaced. It is anticipated that this new paradigm of SHM will find most immediate application in tasks involving a human-in-the-loop. This includes applications such as remotely piloted aircraft, teleoperated ground robots, and watercraft. 
Test structure and data collection procedure
This experiment is multi-disciplinary in the sense that we are trying to learn how results from the psychophysics community can be applied to SHM. Specifically, we want to better understand the ability of a human to discriminate between different classes of damage. This first experiment is best summarized as a psychophysics experiment applied to data relevant to SHM. Psychophysics experiments tend to be very simple in order to isolate interesting phenomena. A good example is the common hearing test. Conversely, contemporary SHM investigations often use more complicated (e.g. multi-modal) measurements to try and characterize/predict a variety of different types of damage (e.g. corrosion, delamination, cracks). In this work, we explore the potential of combining both these fields. For this reason, we decided that in order to extract the most useful information from the first experiment, we should start with data from a structure featuring controlled damage states that were not overly complicated. The SHM sensor network data should also be derived from a structure this is well understood and characterized. At the same time, the structure should not produce data that succumb to analysis that is so trivial that the results would be uninteresting. We specifically set the experiment up so that the damage was not overly subtle. The concern being that if the damage was too subtle, the overall preprocessing/human classification system might completely fail, resulting in the experiment not suggesting providing any information to suggest a path forward.
For the proposed proof-of-concept research, a simple three-story structure is chosen as a test platform (Figure 2 ). This structure is mounted on horizontal rails and is excited with an electromagnetic shaker vibrating at a single frequency. Mounted on the ceiling of each story are vertical columns that descend toward the floor below. Mounted on the floors below are adjustable bumpers that can be engaged or disengaged to interact with the descending columns during shaking. The interaction between bumper and column during excitation produces a nonlinear rattling response that simulates damage in the structure. Exciting the structure while no bumpers are engaged produces a linear dynamic response of the structure, while engaging any bumper combination results in a nonlinear dynamic response. By varying the number and location of engaged bumpers, the structure can be imbued with a variety of damage scenarios. The dynamic characteristics of this structure have been studied in depth and can be found in Figueiredo et al. 24 In the undamaged scenario (no bumpers engaged), the structure displays three dominant modes, plus a rigid body mode. The natural frequencies of the modes are 30.7, 54.2, and 70.7 Hz. As bumpers are engaged, the response becomes nonlinear, and additional frequency components arise in the measurements that correspond to multiples of the excitation frequency.
To simulate damage, an electromagnetic shaker was utilized to excite the structure. Accelerometers stationed on each level of the structure transmitted data to a base station computer. The base station computer is used to aggregate the data, perform the data preprocessing and normalization step, as well as generate an appropriate haptic code to modulate the actuators.
The details of the data acquisition are as follows. The structure is instrumented with four accelerometers. There is one accelerometer on each floor as shown in Figure 2 . Signals from each accelerometer are sampled at 100 kHz. It is worth noting that the first three natural frequencies of this structure are not any higher than 71 kHz. These are the three dominant modes of the structure. The 100 kHz sampling rate may seem high given the dynamics of the structure, but it was selected in order to ensure that during data collection, the linear and nonlinear responses of the structure were adequately captured. Time series with a length L of 10,000 are measured from each accelerometer. The combination of four time series with length L = 10,000 measured from the four accelerometers simultaneously makes up a single ''measurement'' as it will be referred to for the remainder of this article. Since there are a total of three bumpers, this means there are a total of eight possible damage cases consisting of different combinations of bumpers being engaged or disengaged. Eight separate ''measurements'' were made for each damage case resulting in a total of 64 measurements.
Preprocessing for haptic representation
The current iteration of the vibro-haptic device is designed to take four, 8-bit numbers and translate them into a vibration stimulation among a maximum of eight possible vibratory motors. This required the development of preprocessing techniques to transform our inputs to the haptic device to a range spanning the values from roughly 0 to 255. In order to do this, a method for emplacing changes in the data at multiple orders of magnitude was developed based on logarithmic scaling. This method is referred to as the ''logarithmic'' method. The use and development of the logarithmic method are motivated by the well-known Weber-Fechner law from the field of psychophysics. 25, 26 The WeberFechner law provides a relationship between the intensity of a stimulation perceived by a human in response to a sensory input. Weber found that the just noticeable difference (JND) of additional weight perceived held by a human was linearly proportional to the magnitude of the weight the human was currently holding. Fechner extended on this result by asserting that the intensity of stimulation perceived by a human is logarithmically related to the magnitude of the sensory input. It is worth pointing out that there is also a competing model of human perception known as Steven's Power law, but arguments can be made to suggest neither model is significantly more general or predictive than the other based on mathematical ambiguities in modeling behavioral data. 25, 27 The first step in performing the logarithmic method is to divide each element of the data by 2 and then shift the waveform up by the absolute value of the minimum value, thus yielding a waveform that is bounded in amplitude between 0 and 1. Next, a 10-point moving average is performed, followed by decimating the data by a factor of 70. The moving average and decimation allows one to only focus on the frequency components below 1428 Hz. For this particular structure and the simulated damage being induced in the structure, it was found that focusing on the 0-1428 Hz range was sufficient. Then, the vector is multiplied element-wise by nine and then shifted up by one, resulting in values ranging from 1 to 10. Thus, when the base-10 logarithm is computed, the values produced are logarithmically scaled and bounded by 0 and 1. The base-10 logarithm is followed by an element-wise multiplication by 255. Figure 3 . By utilizing logarithmic scaling, it was postulated that emphasizing less noticeable features in the data might improve the ability to detect damage in the structure.
Vibro-haptic glove actuation
In this study, a glove equipped with vibratory motors was used as a haptic interface to communicate structural integrity with a human subject. The glove has eight vibratory motors placed such that the motors excite the back of the hand. The motors are capable of being turned on and off; the on position indicates the motor vibrates at its manufacturer-specified frequency. The motors are controlled with an Atmel XMega microcontroller. The glove can be seen in Figure 4 .
Since these motors are only able to turn on and off, their frequency and amplitude cannot be directly modulated to emulate the semi-processed waveforms shown in Figure 3 . Therefore, pulse width modulation (PWM) is used to achieve this effect. PWM is a modulation scheme whereby complex waveforms can be stimulated in electric motors by adjusting the duty cycle of the motor. For example, consider the waveform shown below generated from the logarithmic processing scheme. The amplitude of each of the samples is transformed into a pulse width on a motor-higher amplitude corresponds with a longer pulse and lower amplitude corresponds with a shorter pulse. Since the period of this PWM scheme is approximately 14 ms, the human subject does not perceive each motor turning on or off. Instead, the length of the pulse transmits a feeling of intensity such that the amplitude and frequency characteristics of the waveform can be simulated in the motor and felt on the hand.
To use this PWM scheme for the logarithmically processed data, a single motor is assigned to transmit the vibration response from a single floor in the structure. This results in four motors being utilized on the glove to transmit the structural response. Each of the four motors vibrates according to a different floor response, and thus, each is controlled by a different PWM scheme. The processed response would be one of the four PWM schemes passed to the glove and one motor on the glove would vibrate according to the given scheme. The remaining three motors would vibrate according to the PWM schemes corresponding to the other three floor vibration responses.
Haptic glove design: Anatomical considerations
Our interface aims to capitalize on the human sense of touch by targeting Pacinian corpuscles in the hand. Pacinian corpuscles are a type of mechanoreceptors that are highly receptive to vibrations. These corpuscles dominate the response for vibrations higher than 80 Hz. [28] [29] [30] [31] Although the range of human sensation extends up to 1000 Hz, studies have shown that peak reactivity lies between 200 and 300 Hz, 32 which is the range that is important to consider when we focus on human subjects testing.
The interface is a common glove, composed of a mesh that expands to the user's hand in a fit that is comfortable yet tight enough to remain close to the skin ( Figure 5 ). The vibrational actuators are attached to the outside of the glove. The actuators themselves are vibratory motors similar to those found in cellular phones. Two main design considerations went into laying out the locations of the actuators. First, the location of the actuators on the glove was informed by the distribution of the Pacinian corpuscles in the hand. [33] [34] [35] [36] [37] This consideration provides a design based on the distribution of sensitivity of the hand to vibration. The second main consideration was that the haptic interface should be designed in such a way that it did not overly restrict the ability of the human subject to perform tasks while wearing the interface. The goal of this constraint is to promote the development of a haptic interface that can be used while a user is actively performing other tasks and is not able to hold, or glance at, a visual monitor. Based on these constraints, the glove was designed in such a way that the actuators were placed on the back of the hand. This location was considered appropriate because it has been found that vibrations are best perceived on bony, hairy skin. 34, 37 While there are few Pacinian corpuscles in the back of the hand, Pacinian corpuscles are located deeply enough that those found in the palm will react to the indirect stimulation. It was found during initial testing that placing the actuators on the back of the hand resulted in a coupling between the mechanoreceptors and the actuators that was deemed sufficient. It was also discovered that the vibration of a single actuator could be felt over the whole hand when the actuators were placed on the back of the hand. It appears that the vibrations were being transmitted throughout the hand by the bones. In order to reduce the effects of this phenomenon, the group briefly investigated the possibility of placing the actuators on the palm of the hand. The palm-based actuator configuration has the advantage that the soft tissues in the palm do not transmit vibration throughout the hand as well as bone, making it much easier to differentiate between different actuators being excited. Ultimately, however, it was determined that the benefits of the palm-actuator coupling were outweighed by the practical limitations imposed by this configuration.
We envision that a user of this technology would be involved in other tasks that require the full use of their hands. Such tasks could include inspecting a building or piloting an airplane. We felt that the design of the glove that involved placing the actuators on the palm excluded the possibility of performing a wide range of tasks and was ultimately abandoned for this investigation. As actuator technology becomes less cumbersome, a palm-based haptic interface might be considered in the future. For the purpose of this initial experiment, the glove design featuring actuators on the back of the hand was considered sufficient to proceed.
Support vector machine comparison results
In the course of this work, it was decided to compare human performance against the performance of a statistical classifier. To this end, a support vector machine (SVM) algorithm was used to classify the test data.
(For a full tutorial on and theoretical examination of SVM, see Burges. 38 ) In this manner, the results of this study could be easily compared with a method that is commonly used in the SHM community. It is important to point out that the use of an SVM is not an inherent part of the haptic paradigm being explored in this work. The SVM results are used only as a comparison of the paradigm to techniques commonly used in SHM.
The SVM is a standard machine learning algorithm that finds applications in a wide range of fields. The goal of SVM is to find a separating hyperplane that maximally distinguishes between classes of data. Mathematically, the equation of a separating plane is defined by
In order to find the parameters w and b such that the plane maximally separates the classes, the problem can be formulated as
In this equation, w is a vector that is perpendicular to the separating hyperplane, j is a slack variable that allows for misclassification, C is a parameter that controls the tradeoff between the slack variable penalty and the size of the margin (i.e. a higher C results in over-fitting and vice versa), y is the classification of the vector x (in this equation, two classes are represented, 61), and b is an intercept. This is a quadratic Figure 5 . Haptic interface for interfacing the human nervous system to the sensor network located on a structure.
programming problem and the parameters can be found using the following maximization optimization problem, using a i as Lagrange multipliers.
a n y n = 0 and 0<a n <C 8n ð3Þ
where
In the previous formulation of the SVM, the dot product was used to compare two data vectors (i.e. x n and x m ). The dot product is referred to as a linear kernel. However, there are other kernels that can be used to compare the data vectors. The radial basis function, or Gaussian kernel, is defined as
The polynomial kernel is defined as
Another common kernel used in SVMs is the sigmoid (or hyperbolic tangent) kernel. This kernel was not used in this study, as all preliminary results achieved using the sigmoid kernel were highly erroneous. In each data processing procedure, the linear, Gaussian, and polynomial kernels were used to analyze the data.
In order to train the SVM, the original dataset of 64 experiments was separated into two groups. Each group contained equal numbers of each bumper configuration. One group is a training dataset and the other group is a testing dataset. The training set was then divided further into two groups. Using a grid search method, these two training groups were used to find optimal SVM hyper-parameters, including the misclassification cost and the kernel parameters. Once the hyper-parameters were determined, the SVM was tested using the testing dataset. An SVM library, LIBSVM, 39 was used within MATLAB to execute the SVM computations. This program can perform multiclass SVM using a one-against-one approach. 40 The feature vector of each observation consisted of four dimensions corresponding to the accelerometer measurement from each floor after being subjected to the logarithmic scaling preprocessing method. It would be fair to ask at this point why we did not present the SVM with the PWM versions of the data presented to the human subjects. Basically, the PWM is only required for implementing the human-data interface. It is not needed in the case of the SVM and it would not make any sense to possibly cripple the performance of the SVM by adding an additional PWM step. Doing this would be cheating from our perspective because it would not allow a fair comparison of the performance between the haptic SHM paradigm and the statistical classifier SHM paradigm. Each processed time series consisted of 143 observations. This implies that for each damage case, we collected 1144 observations with each observation consisting of a four-dimensional feature vector. For this study, it was decided to utilize a number of the most common kernel functions in order to get a rough upper bound on how well the SVM can perform on this dataset. By performing the classification using multiple kernel functions, we allow a fair comparison between the automated techniques and the haptic techniques. Training the SVM involves finding optimal values of the kernel function parameters-the cost variable, C, and parameters of the different kernel functions: s (for the Gaussian kernel) and g and b (for the polynomial kernel-a was assigned to be 1). To train the SVM, half of the observations were used from each experiment, yielding 572 observations per experiment for the training data.
Since the feature vectors only occupy a fourdimensional space, it is possible to plot them in order to get an idea of how they are distributed in space as shown in Figures 6 and 7 . From these plots, we get some sense of how linearly separable the data from the different damage cases are and how the feature vectors associated with the different damage cases are distributed across the feature space. The parameters used for the different kernels and the resulting performance results are shown in Table 1 .
It is clear from these results that an SVM using a Gaussian kernel is very effective at classifying the damage cases. This is because in the Gaussian kernel projection space, the data are very well separated. The polynomial kernel also performed very well only having an error rate of 1.25%. It can also be observed that since the linear kernel performed with a 5.35% error, the data are also reasonably linearly separable. These results are not particularly surprising based on the plots in Figures 6 and 7 . The feature vectors associated with each damage case occupy reasonably distinct portions of the feature space. Looking at the plots, it is conceptually difficult to imagine constructing hyperplanes that perfectly separate the damage cases as is the case with the linear kernel. However, it is not hard to imagine that if the feature vectors are projected up into higher dimensions that the data could be separated much more easily. This is precisely the physical interpretation associated with using the Gaussian kernel and the polynomial kernel. These kernels spread the features vectors out across a higher dimensional space, thus providing more space for hyperplanes to separate the feature vectors associated with different damage cases.
Human subject learning and testing protocol
In order to test whether the vibro-tactile interface has potential to benefit the SHM community, a preliminary human subject experiment was conducted. An experimental protocol was finalized by the team and subsequently approved by the Los Alamos National Laboratory Human Subjects Research Review Board (HSRRB). As a first step in testing a human's ability to detect damage with the vibro-tactile interface, a training procedure was developed. According to educational research literature, there are certain processes required for a human to learn a new task. According to Karpicke et al., 41 the human must first go through a process of repeated learning, followed by self-testing. Then, after much practice, the human can be evaluated on their ability in the new learnt task. Our protocol reflects this process.
The training and testing protocol is summarized as follows. First, the same data used in the SVM discussion above were used for the human subject testing. The only difference being that the data were presented to the human as a vibro-haptic stimulation using the PWM method described above. The data were once again split-up into the same training and testing sets used during the SVM portion of the work. Human subjects were trained using the same training dataset and tested using the same testing dataset used for the SVM. The test administrator controls the training and testing from a graphical user interface (GUI), allowing them to send damage cases to the glove or stop all glove vibrations if necessary. First, the administrator presents the human subject with a reinforcement training set of damage cases. In this phase, two instances of each damage case are presented to the human subject. At this time, the human subject is made aware of which damage case the glove is presenting. The damage cases were presented in the following order:
Once this is complete, the human subject is given a 5-min break. At the conclusion of the break period, the human subject was once again given reinforcement training in the form of being presented each damage case once again. The same damage case presentation order was used as in the first portion of reinforcement training, with the notable difference that only one instance of damage was presented for each case. During this training, the human subject was made aware of which damage case was being presented by the glove. After the reinforcement training phase, the subject was given a practice test. During this phase, the subject was presented with 16 test cases. The test cases consisted of two instances of each damage case. The 16 test cases were presented in a random order to the human subject. A different random order was chosen for each human subject. The human subject was directed to indicate which damage case they thought they were being presented. The human subject's GUI, shown in Figure 8 , notifies them of the correct answer after the subject has submitted their answer. Once the subject is done with these two training phases, the testing phase beings. The test consists of presenting the human subject with four instances of each of the eight damage cases in a randomly chosen order. The subject can take as long as needed to select which damage case they believe the glove is communicating. During the testing phase, the subject receives no feedback of the correct answer. The entire training and testing of a human subject lasts approximately 15-20 min. Subjects are able to take notes during the training and testing phases of the experiment and can utilize their notes throughout the remainder of the experiment. At this time, there has been no testing to measure a difference in performance with and without notes. The human subjects are allowed to use notes for all the tests. There is also a red button on the glove control box and if the subject is feeling uncomfortable, they can manually shut off the glove via the red button at any time.
Experimental results
This preliminary study was conducted to give insight into further changes needed in the modulation scheme of the glove and to show that a human can differentiate building health states by adapting to this new ''sense.'' The results for a study conducted with seven human subjects are displayed in Figure 9 .
As can be observed from Figure 9 , the human subjects performed best in the damage cases [1, 0, 0], [1, 1, 0], and [1, 1, 1] . The healthy damage case [0, 0, 0] was chosen correctly each time during the testing. This result is a positive characteristic of the system since this result would seem to indicate that, in general, the system false-positive rate could potentially be low. Table 2 shows the classification performance across the participants. There is also a column that indicates whether or not a participant took notes. If a participant did not take any notes, this column is marked as no and yes otherwise. Only one participant took no notes whatsoever. The highest score across the human subjects was 28 out of 32 tests correct, or 87.5%. The lowest score was 25% and the average score was a 66.5%. The results should be kept in the context that if a damage case was randomly selected among eight possibilities, there is a 12.5% chance of choosing the correct damage case. Table 3 It is important to note that while the percentage of 100% true-positives in this case is fairly low. It is also still fairly rare for this damage case to be classified as entirely damage-free. It is conceivable that during a follow-up inspection to further characterize the incorrectly labeled damage, the correct damage state is identified and labeled. This would mitigate the impact of false-negatives on the overall system.
Using the results of this experiment, suggestions for improvements for the system can be made. A possible drawback of the current system is that memorization may be a major factor in a human subject's ability to correctly identify the structural health state. With notes, the average number correct was 73.43% and without notes the average number correct was 25%. However, this hypothesis needs further investigation in future experiments because only one human subject did not use notes at all. Other possibilities for why the human subject who did not use notes did poorly relative to the others could be that this particular human subject did not expend much effort to identify the correct damage state, or simply may have not been very skilled at the damage classification task. There is also the possibility that this result stems from a variation in sensitivity to vibrations across humans.
Based on these results, we intend to design future experiments in such a way that memory has less of a Figure 9 . Results from the human subject experiment with seven subjects. In general, damage is generally a change in a structure. It is just that the change typically hard to detect without looking at data from a number of sensors. We would like to design the next test to more resemble a change detection test. This will probably ultimately be more useful in actual SHM applications. We are also considering methods for executing a blind test. It is worth noting that the data collected so far have zero false-positives. This is an important finding because in 2007 representatives from a number of prominent aerospace organizations expressed the need to reduce the false-positive rate associated with SHM technology. 42 It brings up the question of whether one of the main advantages of human involvement in the process might be the reduction in the false-positive rate associated with SHM systems.
Another weakness identified in this damage classification task's implementation was that damage case [0, 1, 1] feels similar to the healthy case and the [1, 0, 1] damage case. This resulted in a 21.4% correct for damage case [0, 1, 1] . This result should also be taken into consideration in future experiments to develop new implementation of the paradigm that do not suffer from this confusion issue.
Conclusion
In this study, a novel method for determining damage via vibro-tactile feedback is introduced. A machine learning (SVM) algorithm's ability to classify damage cases was compared to a human's ability when using a vibro-tactile interface. The logarithmic processing scheme with a Gaussian kernel had only a 0.28% error when used with an SVM classifier. The lowest error for one of the human subjects was 12.5%. This comparison reveals that the machine outperformed the human's ability in determining structural health states. However, this initial human subject experiment has given us a path forward to make further adjustments to the system and design more refined testing protocols. We suspect that a system designed to communicate the stateof-health of a structure through tactile feedback has the potential to aid in SHM. Currently, the training and testing is only 20 min long. Most likely, this is inadequate for a human to acquire a completely new sense of determining damage. Instead, subjects utilized notes and other means to classify the damage. Further improvements in the training and testing protocol are needed in order to allow the human to adapt to this new sensing mechanism. If successful, this system would allow for further multitasking capabilities when utilizing the vibro-tactile glove. This study only examined the ability of the human subject and machine learning algorithm to classify damage cases on which they were trained. Further investigation needs to be done on testing cases not part of the training protocol. With a vibro-tactile feedback system and a symbiotic relationship between a human and machine, it is believed that classification of damage can be improved. 
